Abstract. The high level of success of estimating photosynthetic vegetation from multispectral satellite sensors at regional scales has not been repeated for non-photosynthetic vegetation and bare ground. Therefore regional scale estimates of total vegetation from multispectral sensors are largely underestimated with implications for a wide range of agricultural and environmental applications. Recent research using simulated data showed that the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) had the potential to provide reliable estimates of bare ground and total vegetation. This study built on that research and found that estimates of bare ground retrieved from ASTER short-wave infrared imagery using linear spectral unmixing correlated well with field measurements (RMSE < 0.1, r 2 > 0.7). Image endmember libraries required for spectral unmixing were extracted from the image data using a combination of field knowledge and the lignin and cellulose absorption index. The most reliable results were found by applying a sum-constraint to the unmixing models and tying the signatures at wavebands that corresponded to cellulose or clay-hydroxyl absorption features. The results of this research show that ASTER can improve the estimates of total vegetation extracted from satellite imagery for environmental studies at regional scales.
INTRODUCTION
Measurements of tree and photosynthetically-active grass cover are acquired routinely using satellite remote sensing [1] [2] [3] [4] [5] . The accurate retrieval of photosynthetic vegetation cover is due to satellite sensors, such as Landsat ETM+, sampling the electromagnetic spectrum mostly in the visible near-infrared (VNIR) region. In the VNIR region there are large differences in the magnitude and shape between the photosynthetic and background spectral reflectance signatures. However, the similarity of the spectral reflectance signatures of soil and nonphotosynthetic vegetation in the broad spectral bands (>10 nm) in the VNIR region, makes their abundances difficult to estimate using multispectral sensors [6, 7] . Therefore, regionalscale environmental monitoring and modelling applications may be underestimating total vegetation cover when the estimates are derived from multispectral satellite observations in the VNIR.
There are a wide range of applications that require reliable estimates of total vegetation cover or, its reciprocal, the fraction of bare ground. As highlighted in previous research [6] , non-photosynthetic vegetation and organic litter are important in cropping and natural ecosystems. For example, non-photosynthetic vegetation reduces water erosion, minimises nutrient runoff, improves soil structure and fertility, and absorbs photosynthetically-active radiation that can lead to overestimates of biomass production if not accounted for. Therefore, non-photosynthetic vegetation significantly impacts on the energy, nutrient, and carbon fluxes in these systems [8, 9] . Knowledge of total biomass is also important for managing stocking rates in grazing systems, and the distribution of total vegetation is an important indicator in ecology for assessing food and shelter availability for insectivores, reptiles, and grounddwelling mammals.
Early research into quantifying the abundance of bare ground, non-photosynthetic vegetation (NPV) and photosynthetic vegetation (PV) from remotely sensed systems used airborne-hyperspectral instruments [6] [7] [8] [10] [11] [12] [13] . Reliable estimates were obtained from the airborne images using linear spectral unmixing in arid and semi-arid environments [10] [11] [12] and cropping systems [13] . Vegetation indices, such as the cellulose absorption index (CAI), have also been developed for estimating crop residues from hyperspectral imagery [6] [7] [8] . The success of these methods can be attributed to distinct absorption features of the spectral reflectance signatures for bare ground, NPV and PV in the shortwave-infrared (SWIR) region between 2000nm and 2500nm (referred to in this paper as SWIR2). The absorption features are due to clay-hydroxyl in soils at 2200nm [10, 14] and cellulose and lignin in vegetation and plant litter near 2100nm and 2300nm [6, 8, 15] . The early research provided reliable estimates of total vegetation at local scales (<10 km 2 ). However, for many grazing, ecology and climate applications these estimates are required at regional scales (10 km 2 -10 4 km 2 ). Recognising the need for estimates of total vegetation over larger areas, researchers showed that bare ground and vegetation could be either discriminated using thermal infrared imagery that is available from ASTER [16] , or estimate their sub-pixel fractions using simulated Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) SWIR data [7, 10] . However, there are a lack of similar studies that have used actual ASTER imagery for the same purpose. ASTER is the most suitable spaceborne multispectral sensor for such studies as it has five bands in the SWIR2 region with a 30m spatial resolution and a wide spatial coverage (60km x 60km). Of the five bands in the SWIR2, three are particularly useful for vegetation studies: band six because it samples the soil absorption feature at 2200nm; and bands five and eight because they sample the cellulose and lignin absorption features near 2100nm and 2300nm [7] . If reliable estimates can be obtained using the limited spectral sampling of ASTER, then the techniques may be useful with the next generation of spaceborne hyperspectral instruments such as EnMap that sample more densely in the SWIR2 region [17] .
A method that shows some promise in estimating the bare fractions from ASTER imagery is linear spectral mixture analysis (SMA) [10] . Linear SMA models the pixel reflectance as a linear combination of pure scene element (or endmember) reflectances. Linear SMA calculates the contribution from each endmember signature to pixel reflectance and thus the fractional abundance of each endmember. Optional constraints can be imposed on the model so that the fractions sum to one and each fraction ranges from zero to one [18] . Tied signatures, where the magnitude of the response at one band is subtracted from the others, can be used instead of the original signatures [7, 10, 19] . With the correct tie point the separability, and therefore variation, of the spectral reflectance signatures between the endmembers can be improved. Monte-Carlo spectral mixture analysis (MCSMA) [10] , which is a variation of SMA, was used in this study since it accounts for the variation within an endmember class. MCSMA also outputs a distribution (mean and standard deviation) of the fractional estimates for each pixel that can be used to determine the quality of the unmixing model and potentially the reliability of the extracted estimates.
A major challenge of SMA is identifying appropriate endmember signatures. When the location of large pure targets is known, the endmember signatures can be extracted from the image by matching it to the field sites. Alternatively, when field knowledge is unavailable, automated or semi-automated endmember-extraction methods such as the pixel purity index [20] , N-FINDR [21] , and others as summarised by Rogge et al [22] can be used. However, in the absence of field knowledge, relating the automatically-extracted signatures to ground features can be difficult. For vegetation studies, vegetation indices provide a method to extract endmember signatures that can be related to ground features. For ASTER SWIR imagery the lignin and cellulose absorption index (LCA) may be appropriate as it has been found to be linearly related to non-photosynthetic residue cover [7] .
In summary, there are many applications that would benefit from reliable satellite estimates of bare ground and total vegetation cover at regional scales. The ASTER sensor, in combination with the LCA index and linear spectral unmixing, has the potential to offer a solution and needs to be tested. Therefore the overall objective of this study was to assess the MCSMA method applied to ASTER SWIR2 imagery for estimating bare ground and vegetation fractions. Firstly, the ability of the LCA index to identify bare and vegetation endmembers from the image was investigated. Next, ASTER images were unmixed using four combinations of mixture model constraints and three variations of the SWIR2 signatures (SWIR2, SWIR2 tied at aster band five, SWIR2(5), and SWIR2 tied at band six, SWIR2 (6)). The image estimates were compared with field observations of fractional cover. Finally, an analysis of the MCSMA statistics was undertaken to determine if they could provide an alternative solution to field measurements for determining the accuracy of the image estimates.
METHODOLOGY

Image and field data
A range of vegetation cover conditions was sampled on three field campaigns in Queensland, Australia. Figure 1 shows the extent of three image acquisitions near the townships of Charters Towers, Quilpie and Longreach. The Quilpie and Longreach sites were located within semi-arid environments. Quilpie was dominated by sparse Acacia woodlands (Acacia Cambagei, A.Aneura) interspersed with sparse eucalypt woodlands with short grasses and open herblands. The Longreach site was dominated by tussock grasslands (Astrebla lappacea) and Acacia open woodlands (Acacia Cambagei). The Charters Towers site was located on savanna grasslands in a moderate rainfall climate (600-800mm annually) and was dominated by eucalypt woodlands (Corymbia spp. and Eucalyptus spp) with an understorey of mixed pastures [23, 24] . Photographs in Fig. 1 show the vegetation conditions typical of each study region.
Sampling at Quilpie and Longreach took place at the end of the 2006 dry season (31 August to 3 September and 7-10 September respectively), and at Charters Towers at the conclusion of the wet season in 2007 (29 April to 2 May). The time and location of the sampling permitted a range of grass-cover conditions to be sampled, from low to medium cover with little PV (Longreach and Quilpie), to medium to high cover with moderate quantities of PV (Charters Towers). The Charters Towers site was the only study site with cryptobiotic soil crusts that can cause confusion with PV due to similar spectral reflectance properties when wet [25] . However, these crusts were not expected to impact significantly on the results as they were dry at the time of sampling, only present at seven of the twelve plots, and the field sampling showed that the exposed fraction was typically less than 10%. At the Quilpie, Longreach and Charters Towers sites, twelve, fourteen and twelve plots were sampled respectively. Each plot was 1 hectare (100 m x 100 m) in size and situated in regions where the vegetation-cover pattern was regular. Each plot was sampled using three intersecting 100 m transects. The first transect ran north-south, the other two transects were aligned at 60 degrees and 120 degrees to the first transect, intersecting it at the 50 m point. Plot centres were measured using a handheld GPS, with an estimated accuracy of less than 5m. The presence or absence of vegetation for three vertical layers (ground cover, midstorey and overstorey) were noted at each metre along the transects. The results from each layer were aggregated to derive the vertically-projected fractional-estimates of exposed bare ground and vegetation. The color (value, hue and chroma) for the soil was also noted using Munsell soil color charts. Spectral reflectance signatures of the vegetation at each plot were acquired using a full range (350 nm -2500 nm) Analytical Spectral Devices Field Spec Pro spectrometer and laboratory-calibrated Spectralon ® reflectance-panel. Spectral radiance signatures of targets were obtained by directing the spectrometer fore-optic at a zenith angle of 45 degrees in the plane perpendicular to the solar-plane at heights that minimised the influence of background objects. Irradiance was measured using the Spectralon ® panel and used to convert the radiance signatures to reflectance.
ASTER images were acquired coincident with the field campaigns (Quilpie: 2 September 2006; Longreach: 9 September 2006; Charters Towers: 30 April 2007). ASTER is on board NASA's Terra satellite and contains three instruments that sample three bands in the VNIR, 6 bands in the SWIR, and 5 bands in the thermal-infrared. The SWIR imagery contains artifacts due to light deflecting from the band 4 detector to other detectors in the SWIR instrument. This phenomenon is known as cross-talk and affects bands 5 and 9 most severely; a correction procedure is available [26, 27] . For this study, geometrically corrected, VNIR surface reflectance and SWIR cross-talk-corrected surface reflectance images were acquired from the Land Processes Distributed Active Archive Centre [28] . Comparison with fieldcollected ground-control-points found that in the worst case the misalignment of the image data was one pixel. Field sites were located in regions where the surrounding vegetation pattern was consistent; therefore no further geometric corrections to the imagery were required.
Estimating image fractions
Linear spectral unmixing
Linear SMA was used to derive sub-pixel fractions of bare ground and vegetation endmembers from the image data. Linear SMA assumes that each photon reaching the sensor has been reflected from only one endmember, of which shade might be one [12, 29] . Nonlinear mixing occurs when there is transmission of photons through the scene objects resulting in multiple scattering with scene components [18] . In cases where transmittance and scattering is high owing to complex vegetation canopies, the linear mixture model incorporating shade may be a poor fit [12] . However, given that the endmembers in this study were derived from the image, thereby implicitly capturing the shade component, and there is limited transmittance of light through plant materials in the SWIR region, with a 30% worst case for senescent materials [18] , linear SMA was deemed to be a suitable method.
If 
where E is the residual matrix that represents the difference between the observed and modelled pixel reflectance. Assuming that R and R are known, fractional estimates for each endmember can be found by minimising E in Equation 1. In this study Equation 1 was a well-defined system ( n m ≥ ) and solved using the QR-decomposition routines available in the Lapack library [30] . The residual sum of squares (RSS) was computed from E as a measure of the match between the modelled signature and the observed pixel reflectance. The RSS was computed as
where λ R is a row of R and represents the response of each endmember at wavelength λ.
Identifying image endmembers
Reference endmember signatures were extracted from the image data by matching them to field sites with high fractions. For the Quilpie and Longreach sites those sample plots that had high bare fractions (three plots at Quilpie: 99.33%, 91.67%, 89.67%; two plots at Longreach: 91.33%, 82.67%) were used to extract bare training-signatures from the image data. At Charters Towers three sample plots with vegetation cover of 98.33%, 91.67% and 89.67% were used to extract vegetation training-signatures. The spectral angle mapper [31] was used to identify image endmembers where the spectral angle was less than 0.02 radians compared to the training signatures.
Identifying sufficiently large sites dominated by vegetation at Quilpie and Longreach, and bare ground at Charters Towers proved difficult. For these cases the LCA index was used to identify image endmembers. The LCA index is specific to ASTER and provides a measure of the relative depths of the lignin and cellulose absorption features and has been shown to be linearly related to non-photosynthetic crop residue cover [7] . The LCA was computed as
Comparison of the LCA index values with field measurements (Fig. 2) showed that a low LCA index corresponded to low vegetation fractions (Quilpie and Longreach; LCA range from -1 to 2) and higher LCA values to high vegetation fractions (Charters Towers; LCA range from 1.5 to 3.5). High PV fractions decreased the correlations between the LCA index and vegetation cover. At the Quilpie and Longreach sites, there was a reasonable linear relationship of the LCA index with NPV cover (r 2 of 0.395 and 0.443) because the PV fractions were typically low (10 of 12 plots with less than 16.6% PV). However, the Charters Towers relationship was poor due to high PV cover. The impact of high PV fractions on the LCA index was consistent with previous findings [7] . Because the PV cover at Quilpie and Longreach was low, pixels with the highest LCA values in the image (greater than 8 for Quilpie and greater than 7 for Longreach) were used as vegetation endmember signatures. For Charters Towers, pixels with the lowest LCA values in the image (less than -5) and where the shape of the VNIR reflectance spectra did not resemble that of PV were used as bare ground endmember-signatures. In many situations it is not possible to acquire field data at the same time the image is acquired. Therefore the unmixing procedure was tested using endmember libraries that were derived without field knowledge (referred to as image-image). To create the image-image endmember libraries for Quilpie and Longreach, bare signatures were extracted where the LCA index was less than -0.5 and -6 respectively and the shape of the VNIR reflectance spectra did not match that of PV. For Charters Towers a second set of vegetation libraries were extracted using pixels with a LCA index greater than 7.
Across all sites the total number of vegetation signatures ranged from 49 to 84. The signatures were arranged into two distinct libraries (or bundles): bare ground and vegetation, for use with MCSMA.
Monte Carlo spectral mixture analysis in the SWIR
MCSMA unmixes each pixel using one randomly selected endmember from each bundle. The process is repeated multiple times for each pixel. The output is a distribution of fraction and residual matrices (Equation 1) from which the mean and standard deviation of fractions and RSS can be computed. The mean fraction is used as the final abundance estimate. MCSMA provides the benefit of a statistical result without the need to unmix each pixel using every combination of endmembers.
Equation 1 implies no constraints on the resulting fractions. However, constraints can be applied by observing that fractions should range from 0 to 1 (referred to as endmemberconstrained; Equation 4) and in ideal cases the sum of the endmember contributions is 1 (referred to as sum-constrained; Equation 5). For this study all four possible combinations of constraints were tested and are referred to by number (Table 1 ).
The sum-constraint is straight-forward to implement by incorporating it into the linear system of Equation 1. However solving endmember-constrained models is non-trivial and alternative methods are required [18] . Using MCSMA, the endmember-constraint was incorporated by accepting the results of unmixing runs where all output fractions were between 0 and 1. Each pixel was unmixed until 50 valid results were found or a maximum threshold of 500 unmixing runs was reached. An additional statistic referred to as the success ratio, defined as the number of valid models to the total number of runs, was calculated for each pixel. Bands 5 and 6 were selected as the tie points due to vegetation and soil-related absorption features that correspond with these bands. The resultant signatures are referred to as SWIR2(5) and SWIR2(6) respectively. In total, 24 variants of the unmixing model were applied to each study site derived from combining 3 tie points, 4 constraints, and 2 different sets of endmember bundles (field-image and image-image).
Validation of the image fractions
The statistics ouput from spectral unmixing can be used to assess how well the model reproduces the observed reflectance. However, this is different from determining how well the derived fractions match those on the ground. In this study the image-derived fractions were compared to the field measured fractions using regression analysis. In addition, the MCSMA statistics were analysed to determine if they were useful indicators of the accuracy of the derived fractional estimates. Table 3 shows that the sum-unconstrained unmixing models gave better estimates of bare fractions than vegetation cover. Also, using field-image bundles consistently produced better results than using image-image bundles. A possible reason is that the endmember-bundle signatures derived using field knowledge were a better match for the scene vegetation than those extracted using vegetation indices alone. Field campaigns, coincident with image acquisitions are therefore required when using the method outlined in this paper. For the rest of the discussion, only estimates of bare fractions derived using the field-image endmemberbundle combinations are considered.
RESULTS AND DISCUSSION
General trends
The impact of endmember selection on results
The fraction images in Fig. 3 show the overall trend of high bare fractions at Quilpie, medium to high at Longreach and low at Charters Towers. Landscape features are also clearly visible. Images 3-1a and 3-1b show clear separation between the dense vegetation and river beds within the channel systems. An unsealed road in image 3-2a can be seen to dissect a large patch of woodland that is bordered by a region of low vegetation cover to the north and west. A grazing paddock with high vegetation cover relative to the neighbouring paddocks is centred within image 3-2b. Similarly, differences in vegetation cover between grazing paddocks are visible in image 2-3a, although the total cover is much higher compared with 3-2b. Finally, the VNIR scene for image 3-3b shows a natural boundary due to a basalt flow. However, the boundary is not as clear in the corresponding bare-fractions image. The actual vegetation cover across the boundary is similar and suggests that the unmixing method used in this study is invariant to soil color. While Fig. 3 provides a good visual validation of the method, the discussion below provides a more detailed analysis of the results.
The mean field-collected spectral signatures for the three study sites are shown in Fig. 4 and their standard deviations in Table 2 . The absorption features for soils at 2200 nm, and broad absorption features for NPV near 2100 nm are consistent with results from the literature [7, 10] . The signatures convolved to the ASTER bands (bottom of Fig. 4 ) also highlight the absorption feature of soils at 2200 nm. The endmembers extracted from the image (Fig. 5) contained the same general features as the field spectra convolved to the ASTER bands, with the exception of band 9 (2395 nm). The features were the absorption at 2200 nm for soil spectra and absorption at 2000 nm for cellulose and lignin. These features are consistent with previous findings [7, 10, 14] . The increased reflectance at band 9 for the image signatures was most likely due to incomplete correction for cross-talk at that band [27] . (5)), and SWIR2 tied at band 6 (SWIR2 (6)) spectral signatures of the image endmember-bundles for the three study sites. Table 3 shows the unmixing models that had reasonable agreement with the field measured bare fractions (r 2 > 0.5 and RMSE of near 0.2 or less). The RMSE and r 2 statistics were computed using 5-fold cross validation [32] with outliers removed. An outlier was defined as an image fraction that was more than 0.2 from the regression line. Figure 6 shows the statistics and regression plots for the best unmixing models for each site. Some of the models for Longreach and Charters Towers sites generated outlying data points, and Table 3 also contains the results of the models once outliers in the bare estimates were removed (plot 3 for Quilpie SWIR2(6), plot 8 for Charter Towers SWIR2(5) and plot 3 for Charters Towers SWIR2). With outliers removed, the regression relationships in Table 3 showed that the Charters Towers bare fractions were slightly underestimated, the Quilpie estimates varied about the 1:1 line, and the Longreach estimates were overestimated. These results reflect the mixed nature of the field plots used to determine the original reflectance spectra. For Longreach the training plots for bare ground were likely to contain some contribution from vegetation (one plot having 18.33% cover). Therefore more contribution from soil spectra in the unmixing models was required to account for the extra contribution from vegetation in the bare signatures. For Charters Towers the training plots for vegetation contained bare fractions (one plot being 12% bare), therefore more contribution from vegetation spectra in the unmixing models was required to offset the bare signal. Finally, for Quilpie, the bare plots had very high fractions (one plot estimated at 99.33%), therefore signatures were more likely to be pure and hence the models showed no clear trend to under or overestimate the bare fractions. Table 3 . Results from unmixing models that gave good results for bare fractions using the SWIR2, SWIR2 tied at band 5 (SWIR2 (5)), and SWIR2 tied at band 6 (SWIR2 (6) Soil color is another factor that may cause bare fractions to be poorly estimated. Longreach and Charters Towers had the greatest variation in soil color across the sample plots. Figure 6 shows the outlying plot for Charters Towers had a brighter and redder soil than the other plots. However the soil color for the outlier at Longreach was similar to the other plots so there was no clear evidence that outlying estimates are affected by soil color. The Quilpie study site had the least variation in soil colors, yet the lowest r 2 with field estimates. In summary, this study was unable to establish a clear trend between soil color and the resulting fractions. If there was some variation in the results caused by soil color it was small compared to the variation caused by endmember selection.
The image-derived estimates of vegetation using sum-unconstrained unmixing did not match the field observations as well as those for bare ground as shown by the poor r 2 values in Table 3 . The poor vegetation estimates at the Quilpie and Longreach sites were likely to be due to the high variability of the spectral signatures within the vegetation bundles (Fig. 5) . For Charters Towers the spectral variability within the vegetation bundle was low, however the spectral variation of vegetation in the scene was high due to a large number of vegetation species and mixture of photosynthetic and non-photosynthetic grasses. Future studies may include two or more vegetation endmembers to capture the variation across the scene and reduce the variation within each bundle. Minimising the spectral variability within bundles should improve the performance of the MCSMA algorithm as shown in previous research [7, 10, 19] . . The mean (points) and standard deviation (error bars) of the bare fractions derived from image data using Monte-Carlo spectral mixture analysis with sumconstrained unmixing and spectral signatures tied at ASTER band 5 (SWIR2 (5)) and ASTER band 6 (SWIR2 (6)). The color of the points corresponds to the soil color observed in the field.
The final permutation on endmember signature selection was the choice of tie point. Across all three study sites the SWIR2(6) signatures were found to produce estimates of bare fractions that had reasonable agreement with field observations, and the only signatures that produced reasonable results for the Longreach site. Figure 5 shows that for Longreach the endmember classes were more spectrally-distinct when tied at band 6, compared to band 5 or untied signatures, and may explain the better results obtained by tying at band 6 at this site. However, SWIR2(5) and SWIR2(6) signatures produced reasonable results for Quilpie despite the spectral separability of the SWIR2(5) signatures being similar to that of the SWIR2(5) signatures at Longreach. Therefore, the impact of the tie point on the results in these cases was not clear. SWIR2(5) signatures were most appropriate for unmixing at the Quilpie and Charters Towers study sites with SWIR2 signatures also producing good results. In general, tying the ASTER signatures at bands 5 or 6 produced slightly better estimates of bare fractions than SWIR2 alone and is in agreement with previous findings [10] . The final choice of tie point appears to be specific to the study area and requires comparison with field measured estimates.
Analysis of the unmixing constraints
The constraint combinations that were deemed best for estimating the bare fractions at each site are indicated in Table 3 . The sum-unconstrained models were more successful at the Quilpie site while the sum-constrained models were found to produce reliable bare fractions at all sites. Similarly the endmember-unconstrained models were the most reliable at the Quilpie site, and just as reliable as the endmember-constrained models at the other sites. As discussed in the section 3.2, the bare endmembers extracted from the Quilpie image were purer than the bare endmembers for Longreach and vegetation endmembers for Charters Towers with the consequence that constraints were not required to produce reliable estimates. When the RMSE, r 2 , and regression slope were considered, constraint 2 was deemed to be the most consistent across all sites.
Careful choice of constraints must be made if the purpose of the study is to calibrate the unmixed image with field estimates. Endmember-constrained models force extreme estimates to be either zero or one and are therefore biased. Endmember-unconstrained models were considered to be more appropriate in this study because they are unbiased at the extremes. Therefore the regression relationships of the constraint 2 models were used to calibrate the unmixed images to field-measured fractions to produce the fraction images shown in Fig. 3 . The small number of sample plots at each site was insufficient to provide a robust analysis of the accuracy of the calibrated images.
Analysis of the MCSMA statistics
One standard deviation of the bare fractions (error bars in Fig. 6 ), were derived from the MCSMA algorithm, and were found to be lower at the Longreach site compared to the other two sites. Fig. 5 shows that the variation in the bare signatures used in the unmixing models for Longreach was also much lower than the other sites suggesting a relationship between the variation of the endmember bundles and the variation of the corresponding fractional estimates. However, the variation in the vegetation signatures used to unmix the Charters Towers image was also low, but the resultant variation in bare fractions higher than for Longreach. Analysis of the variation of the field-collected spectra (Table 2) shows that the NPV signatures at Quilpie and Charters Towers had greater spectral variability than at Longreach. Hence the variation in the image fractions was related to the variation in the endmember bundle libraries, the spectral variability of the targets in the scene, and how well the libraries matched the signatures of the scene targets. Improving the derived fractions requires changes to the MCSMA algorithm to constrain endmember selection on a per-pixel basis. Such constraints include building the endmember bundles based on spatial proximity to the pixel [22] or stratifying the image and spectral libraries by land type.
The standard deviation of the estimates appear to be unrelated to the closeness of the match between the image and field-measured fractions. The estimates at Longreach, while having low variability, also exhibited a high RMSE (Fig. 6) . The opposite was true for the Quilpie site. Also, Fig. 6 shows that the standard deviations of the fractional estimates for the outlying plots were similar to the other plots. Therefore the output standard deviations only indicated how well the modelled reflectance matched the pixel signature.
Examination of the mean and standard deviation of the residual sum of squares (MRSS and SDRSS; Table 4) showed that the statistics for the outlying plots were similar to the other plots at the same site. Also, plot 10 at Charters Towers and plot 5 at Longreach had high MRSS statistics, but the final fractional estimates were not considered outliers. Therefore, the MCSMA statistics provided information about the match between the modelled and pixel signatures, but could not be used to indicate how well the image estimates matched the field measurements.
Finally, the success ratio can be considered an indicator of model fit, but needs to be interpreted in context with the unmixing constraints and fraction of ground cover. If the unmixing model is endmember-unconstrained a valid model is found for every run and the success ratio will always be 1. In such cases the MRSS, SDRSS and fraction standarddeviations are the indicators of model fit. For endmember-constrained unmixing, low success ratios are often associated with extreme fractions. Table 5 shows low success ratios for high bare fractions at Quilpie (plot 5) and Longreach (plots 5 and 14), and high vegetation fractions at Charters Towers (plots 7 and 10). In these cases estimates outside the range 0 to 1 were rejected regardless of whether they were close to the actual fractions; therefore the success ratio could not be used as an indicator of model fit. In non-extreme cases the successratio could be used as an indicator for how well the unmixing model matches the pixel signature. For example, Table 5 shows that plot 10 for Charters Towers had a low success ratio compared to other plots at the same site with similar bare fractions, and the result must be considered highly uncertain. Table 4 . Mean residual sum of squares and standard deviation of the residual sum of squares (MRSS ± SDRSS) for spectral unmixing models shown in Fig. 6 
CONCLUSIONS
This research produced reliable estimates of bare fractions by linear spectral unmixing of ASTER SWIR imagery in two semi-arid and one savanna environment in Australia. The method employed the MCSMA algorithm and found that obtaining consistent results across all sites was possible by applying a sum-constraint and tying the spectral signatures at ASTER bands 5 and 6. Further improvement of the estimates requires calibration of the image estimates to ground observed fractions. Therefore, field work, coincident with image acquisition, is an essential part of the method. A combination of field knowledge and the LCA index was used to identify image endmembers. The ability of the LCA index to identify pure pixels was dependent on whether there were indeed pure pixels in the scene. The lack of pixels with high vegetation in the Quilpie and Longreach scenes, and lack of pixels with high bare fractions in the Charters Towers scene resulted in poor fractional estimates when vegetation indices were used to identify both sets of endmember bundles. Significant improvements in the bare estimates were made when one of the endmember bundles was derived using field knowledge.
The variation of vegetation within the scene appears to have impacted on the ability of the method to directly estimate the vegetation fraction. Instead, vegetation can be estimated as the reciprocal of bare ground. Large variation in spectral-reflectance signatures within each endmember-bundle resulted in bare-ground fractions that had high standard deviations as computed from MCSMA. Of the MCSMA statistics investigated, all were found to be good indicators of how well a modelled signature matched the image pixel. However, none of the MCSMA statistics were found to be indicators of how well the estimated fractions matched the field measurements. The only method that was reliable was direct comparison with ground measured fractions.
In summary, reliable estimates of bare fractions and therefore total vegetation can be obtained using ASTER SWIR imagery, the MCSMA algorithm and field data. Therefore, regional-scale estimates of total vegetation and bare ground can be made available for a wide range of grazing, ecology and environmental applications. However, improvements can still be made by reducing field-work requirements and partitioning total vegetation into contributions from the photosynthetic and non-photosynthetic components. The results also indicate that future land-observing satellite sensors that include multiple bands in the 2000-2500 nm range will improve vegetation cover estimates. For example, the upcoming hyperspectral satellite sensor Enmap, will sample in the SWIR2 region [17] and has the potential to greatly improve estimates of the major land surface components.
